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Abstract

Pneumonia remains a significant global health concern, warranting pre-
cise and efficient diagnostic tools. This study introduces a comprehensive
approach to pneumonia segmentation leveraging advanced deep learning
techniques. The primary goal is to enhance the precision of pneumonia
localization within medical images, specifically chest X-rays, through the
utilization of state-of-the-art deep learning models. This study explores
the application of advanced segmentation models, namely DeepLabV3 and
SegNet, for the automated identification and delineation of pneumonia-
affected regions within chest X-ray images. DeepLabV3, renowned for its
semantic segmentation capabilities that partitions an image into multiple
segments or regions, each of which is associated with a specific seman-
tic label, and SegNet, featuring an encoder-decoder that consists of two
main components: an encoder and a decoder, are selected as the segmen-
tation models. The training process of the system leverages the widely
acknowledged Kermany dataset, specifically composed of chest X-ray im-
ages depicting cases of pneumonia. This dataset is well-established and
holds a prominent status within the field, recognized for its relevance and
significance in the context of pneumonia detection and classification tasks.
As per the evaluation findings, it is evident that the system attains en-
hanced accuracy by 0.844 and Intersection over Union score of 0.81 when
employing the DeeplLabV3 architecture compared to the SegNet architec-

ture.

1. Introduction

Pneumonia, characterized by inflammation of the lung
tissue, imposes a significant burden on healthcare sys-
tems globally. This medical condition involves the in-
flammation of lung tissue, specifically affecting the air
sacs, or alveoli. Typically, this inflammation arises from
infections, including viruses, bacteria, or fungi. Pneu-
monia manifests in diverse forms, varying in severity
and presenting symptoms such as cough, chest pain,
difficult breathing, and fever.

There are three main types of pneumonia: vi-
ral pneumonia, bacterial pneumonia, and fungal pneu-
monia. Viral pneumonia, exemplified by illnesses
like COVID-19, primarily spreads through respiratory
droplets, contact with contaminated surfaces, or close
interaction with an infected individual. Bacterial pneu-
monia can spread through respiratory droplets, trans-

mitted when an infected person coughs or sneezes.
On the other hand, fungal pneumonia is often asso-
ciated with environmental exposure and may not di-
rectly transmit between individuals. Diagnostic tools
commonly employed in pneumonia cases include chest
X-rays and computed tomography (CT) scans, pro-
viding visualizations of lung abnormalities. Addition-
ally, blood tests play a crucial role in identifying the
causative agent, be it bacteria or viruses. Sputum tests
are conducted to analyze the material produced during
coughing, aiding in the accurate diagnosis and targeted
treatment of pneumonia.

The understanding of pneumonia’s diverse forms
and transmission methods is pivotal for effective health-
care management and preventive measures, especially in
the context of widespread respiratory infections. Early
and precise diagnosis, facilitated by a combination of
imaging techniques and laboratory tests, is essential for
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implementing timely and appropriate interventions to
alleviate the impact of pneumonia on individuals and
healthcare systems. Chest X-rays serve as a founda-
tional diagnostic tool for pneumonia, offering crucial in-
sights into the presence and extent of pulmonary abnor-
malities. Despite their significance, the manual inter-
pretation of these radiographic images is labor-intensive
and introduces variability among different observers.
This variability has prompted the exploration of inno-
vative solutions to enhance diagnostic efficiency. Swift
and accurate diagnosis are pivotal for effective treat-
ment, but traditional methods, particularly manual in-
terpretation of chest X-ray images, present challenges
in terms of time, subjectivity, and resource demands.

Traditional diagnostic approaches, reliant on man-
ual interpretation of chest X-rays, are not only time-
consuming but also susceptible to interobserver vari-
ability. The introduction of deep learning provides a
promising avenue to automate and optimize the pneu-
monia segmentation process, potentially revolutionizing
the diagnosis of respiratory ailments. Deep learning ar-
chitectures, renowned for their ability to discern intri-
cate patterns in images, offer a promising solution to
overcome the limitations associated with manual inter-
pretation. In response to these challenges, this paper
investigates the application of deep learning for pneu-
monia segmentation using chest X-ray images. The aim
is to leverage the capabilities of deep learning models,
such as SegNet and DeepLabV3, to autonomously and
accurately identify pneumonia-affected regions. By do-
ing so, the study seeks to contribute to the evolution
of diagnostic methodologies, providing a more efficient
and reliable approach to pneumonia detection in chest
X-ray images. By harnessing the capabilities of these
advanced neural network architectures, we aim to de-
velop a robust and accurate segmentation system that
can contribute to the automation of pneumonia diagno-
sis. The key contributions of our work can be summa-
rized as follows:

e Transfer Learning Framework: We propose a
transfer learning-based approach that harnesses
the representational power of pre-trained CNN,
SegNet and DeepLabV3, for pneumonia segmen-
tation. By initializing the networks with weights
learned from large-scale natural image datasets,
we exploit rich feature representations that facil-
itate effective learning of pneumonia-specific fea-
tures from Chest X-rays images.

e Model Adaptation and Fine-Tuning: We metic-
ulously adapt and fine-tune the SegNet and
DeepLabV3 architectures to suit the task of pneu-
monia segmentation. Through iterative experi-
mentation and parameter optimization, we tailor
the networks to effectively capture subtle patterns
and spatial dependencies characteristic of pneu-
monia regions in Chest X-rays images.

e (linical Relevance and Impact: Our proposed
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framework holds significant clinical relevance by
offering a reliable and efficient tool for automated
pneumonia segmentation from Chest X-rays im-
ages. By expediting the diagnostic process and as-
sisting radiologists in identifying pathological re-
gions, our approach has the potential to enhance
patient care, particularly in resource-constrained
healthcare settings where access to expert radio-
logical interpretation may be limited.

The section 2] critically reviews existing literature re-
lated to pneumonia segmentation, deep learning appli-
cations in medical imaging, and relevant methodologies.
Section [3] delves into the theoretical underpinnings that
form the foundation of the proposed pneumonia seg-
mentation system. This includes a detailed exploration
of the principles of deep learning, particularly focusing
on the chosen models such as SegNet and DeepLabV3.
Section[doutlines the architecture and design of the pro-
posed pneumonia segmentation system employing deep
learning models. It details the methodology, data pre-
processing steps, model selection, and the overall work-
flow of the system. Section [5] presents the results of
the performance evaluation conducted on the proposed
system. The final section, Section [6] concludes the pa-
per by summarizing the key findings, discussing impli-
cations, and suggesting potential avenues for future re-
search.

2. Related work

Zhang et al| (2021 centrally addresses the diagnosis of
novel coronavirus pneumonia, utilizing CT images and
implementing a deep-learning algorithm within a neural
network for the precise detection and segmentation of
the condition. The method employed contributes to a
swift and accurate delineation of both lung structures
and infected areas, thereby supporting medical profes-
sionals in diagnosing novel coronavirus pneumonia with
increased efficiency. The approach presented in this
study not only aids in accurate identification but also
enhances screening processes, crucial for the effective
management of pneumonia cases. To achieve effective
segmentation of the infected area, the study introduces
a novel ResAU-Net model, which builds upon the U-Net
network structure. The incorporation of a pre-trained
ResNet as an encoder enhances the model’s feature ex-
traction capabilities. Moreover, the introduction of an
attention mechanism improves the network’s focus on
regions of interest, thereby reducing computational bur-
dens and elevating prediction accuracy. Sub-pixel con-
volution is subsequently employed for the upsampling of
the feature image, contributing to the refinement of the
segmentation results. The study’s results reveal a com-
mendable prediction accuracy of 73.40% for the infected
area in novel coronavirus pneumonia.

Wahyuningrum et al.| (2023)) introduced an innova-
tive approach to lung segmentation in chest X-ray im-
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ages, leveraging deep learning techniques with the FCA-
Net (Fully Convolutional Attention Network) architec-
ture. To address the intricate challenges associated with
feature representation, attention modules—specifically
spatial attention and channel attention—are seamlessly
integrated into the Res2Net encoder. The experimen-
tation phase utilizes a dataset of chest X-ray images
obtained from Qatar University, accessible in the Kag-
gle repository. The dataset, consisting of 1500 chest
X-ray images, each measuring 256 x 256 pixels, is par-
titioned into 10% for testing and 90% for training. The
training data undergoes K-Fold Cross-validation with
varying values of K from 2 to 10. The most promising
results are achieved by employing a combination of spa-
tial and channel attention in the K-Fold division with K
set to 5. In this configuration, the Dice Similarity Co-
efficient (DSC) attains a notable value of 97.24%, indi-
cating a high degree of similarity between the predicted
and ground truth masks. Additionally, the Intersection
over Union (IoU) reaches 94.66% in the testing data,
signifying a robust performance in accurately delineat-
ing lung regions in chest X-ray images.

Gite et al.[ (2022)) presented a novel approach with a
comprehensive analysis and discussion focused on the
implementation of U-Net in lung segmentation using
X-ray images. The uniqueness of this work lies in its
detailed comparison between U-Net and three other
benchmark segmentation architectures, particularly in
the context of diagnosing tuberculosis (TB) or other
pulmonary lung diseases. The authors bring attention
to the fact that many prior studies neglected segmen-
tation before classification, potentially leading to data
leakage issues. In instances where segmentation was in-
corporated before classification, U-Net emerged as the
prevalent choice. However, this paper advocates for
the efficacy of U-Net as a substitute, demonstrating
superior accuracy and mean Intersection over Union
(mean_iou) metrics. The results discussed in the pa-
per highlight that U-Net achieved an accuracy of over
98% in lung segmentation, with a mean_iou of 0.95.

Rahman et al| (2022) presented a pioneering deep
learning framework aimed at improving the precision of
lung region segmentation in Chest X-Ray (CXR) im-
ages. The proposed methodology adopts a ”divide and
conquer” strategy, systematically breaking down orig-
inal CXRs into smaller image patches. These patches
undergo independent segmentation, and the resulting
segmentations are aggregated to achieve a comprehen-
sive segmentation of the entire lung region. The frame-
work employs a two-model ensemble strategy to enhance
segmentation accuracy. The first model utilizes a tra-
ditional Convolutional Neural Network (CNN) for clas-
sifying individual image patches. The classified patches
are then merged to obtain a pre-segmentation. The sec-
ond model incorporates a modified U-Net architecture,
tailored specifically for segmenting individual patches.
The outputs from this model contribute to another
pre-segmented image. The fusion of these two pre-
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segmented images is executed through a binary disjunc-
tion operation, resulting in an initial segmentation. To
refine the initial segmentation, the authors employ post-
processing steps that involve traditional image process-
ing techniques such as erosion, dilation, connected com-
ponent labeling, and region-filling algorithms. These
steps contribute to obtaining the final segmentation,
ensuring increased accuracy and precision. Compre-
hensive evaluations of the proposed methodology were
conducted using two publicly available datasets (MC,
JPCL) and one proprietary dataset from The Univer-
sity of Texas Medical Branch (UTMB). These datasets
encompass a diverse range of CXR images, demonstrat-
ing the versatility and effectiveness of the framework
in achieving accurate lung region segmentation across
varied image sources.

Zhao et al.| (2021) introduced an automatic method
designed for segmenting pulmonary parenchyma in
chest CT images to aid in the analysis of texture fea-
tures, ultimately assisting radiologists in diagnosing
COVID-19. The proposed segmentation method seam-
lessly integrates a three-dimensional (3D) V-Net with
a shape deformation module implemented using a spa-
tial transform network (STN). The 3D V-Net is em-
ployed for end-to-end lung extraction, while the de-
formation module refines the V-Net output based on
prior shape knowledge. The efficacy of this segmen-
tation method is rigorously validated against manual
annotations crafted by experienced operators. Experi-
mental results showcase the remarkable performance of
the proposed method, achieving a Dice similarity co-
efficient of 0.9796, sensitivity of 0.9840, specificity of
0.9954, and a mean surface distance error of 0.0318 mm
when compared to the manual annotations. Moreover,
the COVID-19 classification model, leveraging statisti-
cally significant radiomic features, demonstrates an im-
pressive area under the curve (AUC) of 0.9470, sensi-
tivity of 0.9500, and specificity of 0.9270.

Victor Tkechukwu et al.| (2021) presented a compar-
ative study focusing on the performance of pre-trained
models, specifically VGG-19 and ResNet-50, in contrast
to training a CNN from scratch. To address overfit-
ting concerns, the study incorporates data augmenta-
tion and dropout regularization techniques. The anal-
ysis results indicate that appropriately fine-tuned pre-
trained models achieved a recall rate of 92.03%, show-
casing comparable performance to Iyke-Net, a CNN
trained from scratch. This finding underscores the ef-
fectiveness of leveraging pre-trained models in medical
image analysis tasks, particularly in scenarios where ac-
quiring large labeled datasets and the computational re-
sources necessary for training from scratch may present
significant challenges.

Kayalibay et al.| (2017)) delved into the application
of three-dimensional CNNs for medical image segmen-
tation, with a specific focus on hand and brain MRI.
In contrast to conventional CNNs that typically uti-
lize two-dimensional kernels, recent advancements in
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medical image segmentation have emphasized the ef-
fectiveness of three-dimensional kernels. This approach
enables a more comprehensive analysis of the inherent
three-dimensional structure present in medical images.
The study introduces a CNN-based method featuring
three-dimensional filters applied to the segmentation of
hand and brain MRI. To address specific challenges en-
countered in medical image segmentation, two modifi-
cations to an existing CNN architecture are proposed.
The efficacy of the method is validated using data from
both the central nervous system and the bones of the
hand.

Cao and Zhao| (2021)) introduced an innovative seg-
mentation algorithm based on the U-Net architecture,
specifically designed to tackle the challenge of insuffi-
cient feature extraction when segmenting lungs in CXRs
with opacities. The proposed method incorporates a
Variational Autoencoder (VAE) into the convolutional
layer, resulting in the development of the FVAE model.
The FVAE model is capable of simultaneously captur-
ing detailed local information and global context by in-
tegrating the features of the convolutional layer with
those of the VAE. To further enhance the network’s abil-
ity to accurately locate and recognize targets, the paper
introduces a three-terminal attention mechanism. This
mechanism incorporates both channel attention and a
spatial attention mechanism modified by high-scale fea-
tures. The integration of the three-terminal attention
mechanism strengthens the model’s performance, lead-
ing to improved segmentation accuracy. The proposed
algorithm is rigorously tested on the SNIH and JSRT
datasets, and the results demonstrate superior perfor-
mance in terms of Accuracy, Recall, and F1-Score values
when compared to other segmentation algorithms.

De Silva et al.| (2022)) presented an innovative multi-
network ensemble method that incorporates a selector
network, providing an advanced approach to lung seg-
mentation. The selector network assumes a crucial role
in evaluating segmentation outputs generated by mul-
tiple networks. On a patient-specific basis, the selec-
tor network intelligently chooses which segmentation
outputs to fuse, ultimately forming the final segmen-
tation for each patient. The candidate lung segmen-
tation networks employed in this study consist of U-
Net, incorporating five different encoder depths, and
DeepLabV3+, featuring two distinct backbone networks
(ResNet50 and ResNet18). The selector network it-
self is an image classifier built on the ResNetl8 ar-
chitecture. All training processes are conducted using
the publicly available Shenzhen CR dataset, and the
proposed ensemble method’s performance is rigorously
evaluated using two independent and publicly accessible
CR datasets—Montgomery County (MC) and Japanese
Society of Radiological Technology (JSRT). The results
demonstrate that the Intersection-over-Union scores
achieved by the proposed approach surpass the stan-
dard averaging ensemble method by 13% on MC and
5% on JSRT, highlighting the effectiveness of the multi-
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network ensemble method and the selector network in
improving lung segmentation accuracy.

Fernandes et al.| (2023) presented an innovative ap-
proach for the detection of pneumonic lungs from chest
X-rays utilizing a CNN-based model. The model in-
troduced in this study has the potential to signifi-
cantly aid healthcare professionals in pneumonia diag-
nosis and treatment in real-world scenarios. The pro-
posed method involves the development of a hybrid
model combining EfficientNetB0 as a transfer learning-
based model and a support vector machine (SVM) with
hinge loss. Leveraging the feature extraction capabili-
ties of the pre-trained EfficientNetB0O model, followed by
classification using SVM, allows for accurate differenti-
ation between abnormal and normal chest X-rays. Em-
pirical results demonstrated the efficacy of the proposed
model, with statistical findings indicating superior per-
formance in terms of classification accuracy, precision,
recall, and AUC values compared to existing state-of-
the-art models. The achieved overall accuracy of 97%
underscores the potential of the proposed approach for
pneumonia detection and highlights its practical utility
in clinical settings.

Dey| (2022)) introduced an innovative COV-XDCNN
model, augmented with an external filter, designed to
automate the diagnosis of diseases like COVID-19 and
Viral Pneumonia. This model serves as a valuable tool
to support healthcare workers, particularly during pe-
riods of outbreak, by swiftly and accurately analyz-
ing chest radiography images. By leveraging advanced
deep learning techniques, the proposed model aims to
enhance diagnostic efficiency and accuracy in identify-
ing respiratory illnesses. Empirical evaluation demon-
strates the effectiveness of the proposed COV-XDCNN
model with an external filter, achieving a remarkable
test accuracy of 97.86% in classifying chest radiography
images. Comparative analysis with other prominent
models such as NASNetMobile, ResNet50, MobileNet,
and VGG-16 underscores the superior performance of
the proposed approach.

Kim et al.| (2022)) presented a novel fully automated
framework aimed at aiding regional analysis through the
utilization of deep learning-based four-region segmenta-
tion and detection models, specifically tailored for quan-
tifying COVID-19 pneumonia. The framework employs
a multi-step approach, beginning with a segmentation
model to delineate the left and right lungs, followed by
a detection network targeting the carina and left hilum
for the separation of upper and lower lung regions. To
enhance segmentation performance, an ensemble strat-
egy integrating five models is employed. The clinical
relevance of the proposed method is assessed by compar-
ing it with the radiographic assessment of lung edema
quality (RALE) as annotated by physicians. Evaluation
metrics include mean intensities of the segmented four
regions, which exhibit a positive correlation with the re-
gional extent and density scores of pulmonary opacities
derived from the RALE.
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3. Background Theory

This section describes the theoretical background of this
proposed system.

3.1 Segmentation

Segmentation, in the context of image processing and
computer vision, refers to the process of dividing an
image into meaningful and homogeneous regions or seg-
ments. The goal is to simplify or change the represen-
tation of an image into something more meaningful and
easier to analyze. Image segmentation is a fundamental
step in various computer vision applications, including
object recognition, scene understanding, and medical
image analysis. The primary objective of segmentation
is to identify and delineate regions or objects within an
image based on certain visual characteristics or proper-
ties. There are three types of segmentation:

e Semantic Segmentation: Assigns a label to each
pixel in the image, providing a detailed under-
standing of the scene. It is commonly used in tasks
like object recognition and scene understanding.

e Instance Segmentation: Identifies and distin-
guishes individual instances of objects in an im-
age. It goes a step beyond semantic segmentation
by providing a unique label for each object in-
stance.

e Boundary or Edge Detection: Focuses on detect-
ing boundaries between different regions or ob-
jects in an image.

There are three types of methods:

e Pixel-based Segmentation: Classifies each pixel
individually based on its intensity, color, or tex-
ture features.

e Region-based Segmentation: Groups pixels into
regions based on certain criteria, such as similar-
ity in color or texture.

e Graph-based Segmentation: Treats pixels as
nodes in a graph and uses graph algorithms to
group pixels into segments.

3.2 SegNet

SegNet is a deep learning architecture designed specif-
ically for semantic segmentation tasks in computer vi-
sion (Badrinarayanan et al) [2017). Developed by re-
searchers at the University of Cambridge, SegNet is
known for its efficiency in pixel-wise image segmenta-
tion. The primary goal of SegNet is to perform se-
mantic segmentation, where the model assigns a class
label to each pixel in an input image. This enables the
detailed understanding of the scene and the identifica-
tion of objects and their boundaries. SegNet follows an
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encoder-decoder architecture. The encoder is respon-
sible for capturing high-level features from the input
image, while the decoder reconstructs the segmented
output from these features. The encoder employs a hi-
erarchy of convolutional and pooling layers to capture
features at different spatial resolutions. This hierarchi-
cal feature extraction is crucial for understanding both
global and local context in the image.

SegNet uses skip connections between the encoder
and decoder to retain detailed spatial information.
These connections help in preserving fine-grained details
that are often lost during downsampling operations.
The encoder of SegNet is inspired by the VGG16 ar-
chitecture, known for its simplicity and effectiveness in
image classification tasks. The encoder is typically ini-
tialized with pre-trained weights from VGG16 on large-
scale image classification datasets like ImageNet. This
allows SegNet to benefit from the learned features. The
architecture of SegNet is presented in Figure [T}

Convolutional Encoder-Decoder

Pooling Indices

RGB Image I Conv + Batch Normalsaton + Rell Segmentation

[ Pcoing [ Upsampling ~ Softmax

Figure 1. SegNet Architecture.

The decoder uses up-sampling layers to reconstruct
the segmented output at the original resolution. These
up-sampling layers are guided by the pooling indices
obtained during the max-pooling operations in the en-
coder. The final layer of the decoder employs a soft-
max activation function to assign class probabilities to
each pixel. The pixel is then labeled with the class
having the highest probability. SegNet is trained using
pixel-wise cross-entropy loss, which measures the dif-
ference between the predicted and ground truth pixel
labels. This loss function is suitable for segmentation
tasks where each pixel is assigned a class label. The
model is trained using backpropagation and gradient
descent optimization to minimize the loss function. In
medical image analysis, SegNet is applied for the seg-
mentation of organs, tumors, and other structures in
various imaging modalities.

Advantages:

e Efficiency in Memory Usage: SegNet efficiently
utilizes memory by employing a compact encoder-
decoder architecture. Its encoder-decoder struc-
ture allows for efficient feature extraction and
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reconstruction, making it suitable for resource-
constrained environments.

e Interpretability: SegNet’s architecture facilitates
interpretability due to its encoder-decoder design,
where the encoder learns hierarchical features,
and the decoder reconstructs the segmented im-
age. This makes it easier for researchers and
practitioners to understand the model’s decision-
making process.

e Suitability for Real-Time Applications: Due to
its lightweight architecture and efficient inference
process, SegNet is well-suited for real-time ap-
plications such as autonomous driving and video
surveillance, where low-latency segmentation is
essential.

Limitations:

e Limited Contextual Information: SegNet’s sym-
metric encoder-decoder architecture may limit its
ability to capture long-range contextual informa-
tion, leading to potential loss of spatial details and
context in the segmented output.

e Sensitivity to Input Variability: SegNet may be
sensitive to input variability and noise, particu-
larly in scenarios where there is significant varia-
tion in illumination, imaging conditions, or object
scales. This sensitivity can affect the robustness
and generalization capabilities of the model.

e Difficulty in Handling Class Imbalance: SegNet
may struggle to handle class imbalance effectively,
especially in datasets where certain classes are
underrepresented. This can result in biased pre-
dictions and suboptimal performance, particularly
for rare or minority classes.

3.3 DeepLabV3

DeepLabV3 is a state-of-the-art deep learning architec-
ture designed for semantic image segmentation (Chen
et al [2017). Developed by Google, specifically by
the Google Research Brain Team, DeepLabV3 builds
upon its predecessors and incorporates advanced tech-
niques to achieve highly accurate pixel-level segmenta-
tion. DeepLabV3 is primarily designed for semantic seg-
mentation, a task where the model assigns a class label
to each pixel in an input image. This enables a detailed
understanding of the visual scene and identification of
objects and their boundaries. DeepLabV3 is based on a
deep CNN architecture that captures intricate features
at different scales. The network leverages dilated con-
volutions and employs atrous spatial pyramid pooling
(ASPP) to incorporate multi-scale contextual informa-
tion. Dilated convolutions, also known as atrous convo-
lutions, are utilized to increase the receptive field of the
network without downsampling the spatial resolution.
This helps the model capture contextual information at
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various scales. The architecture of DeepLabV3 is illus-
trated in Figure

{Encoder

—-[ﬁ
rate6 ) >
=)~ V-G
M 3x3 Conv 1

rate18 ) —>

=

|

ot
oo (Do)

Emcjw»ﬁa@»-

Image DCNN

{Decoder

Prediction

Figure 2. DeepLabV3 Architecture.

ASPP is a crucial component of DeepLabV3, al-
lowing the model to gather information from multiple
scales. It consists of parallel atrous convolutions with
different dilation rates, enabling the network to aggre-
gate features at different receptive fields. DeepLabV3
is flexible in terms of backbone networks. While it was
initially designed with the MobileNetV2 backbone for
efficiency, it can be adapted to use other powerful back-
bones such as ResNet or Xception for improved perfor-
mance on high-resolution images. DeepLabV3 is trained
using pixel-wise cross-entropy loss, which measures the
dissimilarity between the predicted class probabilities
and the ground truth labels for each pixel. Pre-training
on large-scale datasets, such as ImageNet, is often em-
ployed to initialize the model with useful feature repre-
sentations before fine-tuning on the segmentation task.

DeepLabV3 can benefit from post-processing tech-
niques like CRF to refine segmentation results. CRF
helps to smooth boundaries and improve the overall
coherence of segmented regions. DeepLabV3 is widely
used for scene understanding in computer vision appli-
cations. It can identify and segment objects in complex
scenes, providing valuable information for higher-level
tasks. DeepLabV3 achieves high accuracy in pixel-level
segmentation, thanks to its multi-scale feature integra-
tion and context aggregation techniques. The architec-
ture is flexible and can be adapted to different backbone
networks, making it suitable for various image segmen-
tation tasks.

Advantages:

e Multi-Scale Feature Integration: DeepLabV3 inte-
grates multi-scale feature representations through
dilated convolutions and atrous spatial pyramid
pooling (ASPP), enabling the model to capture
both local and global context effectively. This en-
hances its ability to segment objects of various
sizes and scales.

e Semantic Segmentation Accuracy: DeepLabV3
achieves high semantic segmentation accuracy by
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leveraging advanced techniques such as dilated
convolutions and atrous spatial pyramid pooling.
This makes it suitable for applications where pre-
cise pixel-level segmentation is crucial, such as
medical image analysis and autonomous driving.

e Flexibility and Adaptability: DeepLabV3 offers
flexibility and adaptability through its modular
design, allowing researchers to customize and fine-
tune different components of the architecture ac-
cording to specific task requirements and datasets.
This flexibility facilitates experimentation and op-
timization for diverse segmentation tasks.

Limitations:

e Computational Complexity: DeepLabV3’s ad-
vanced architectural features, such as dilated con-
volutions and ASPP, increase computational com-
plexity, leading to higher inference times and re-
source requirements compared to simpler architec-
tures like SegNet. This may limit its applicability
in resource-constrained environments or real-time
applications.

e Training Data Requirements: DeepLabV3 may re-
quire large amounts of labeled training data to
effectively learn complex semantic features and
achieve high segmentation accuracy. Obtaining
and annotating large-scale datasets can be time-
consuming and costly, particularly for medical
imaging applications where expert annotations
are required.

e Potential Overfitting: DeepLabV3’s high capacity
and complex architecture may be prone to overfit-
ting, especially when trained on limited or noisy
datasets. Regularization techniques and data aug-
mentation strategies are necessary to mitigate the
risk of overfitting and ensure generalization per-
formance across diverse datasets.

4. Proposed Segmentation Architec-
ture

The system presented in this study focuses on the devel-
opment of an effective pneumonia segmentation system
through the utilization of deep learning models, specif-
ically SegNet and DeepLabV3.

The primary dataset employed is the Kermany
dataset (Mooneyl, [2018]), a collection of chest X-ray im-
ages sourced from the Guangzhou Women and Chil-
dren’s Medical Center. It is derived from chest ra-
diographs obtained from pediatric patients undergoing
diagnostic imaging procedures at the medical center.
The dataset predominantly comprises chest X-ray im-
ages obtained from pediatric patients, including infants,
children, and adolescents, presenting with various tho-
racic conditions and clinical indications. These images
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encompass a wide range of anatomical views, includ-
ing frontal (posteroanterior, anteroposterior) and lat-
eral projections, capturing different perspectives of the
pediatric thoracic cavity. Each image may be associ-
ated with clinical metadata, such as patient demograph-
ics (age, gender), clinical history, presenting symptoms,
and diagnostic findings, providing contextual informa-
tion for image interpretation and analysis. The im-
ages in the dataset are typically labeled or annotated
by expert pediatric radiologists or clinicians, provid-
ing ground truth information regarding the presence
or absence of specific thoracic pathologies, abnormali-
ties, or anatomical structures in pediatric patients. The
dataset may encompass a spectrum of pediatric thoracic
pathologies and conditions, including but not limited
to pneumonia, bronchiolitis, congenital anomalies, res-
piratory distress syndrome, and other pediatric respi-
ratory diseases. The dataset may be provided in stan-
dard image file formats (e.g., DICOM, PNG, JPEG)
along with associated metadata and annotations, facil-
itating integration with medical image analysis work-
flows and software frameworks. The Kermany dataset,
like many medical image datasets, likely contains images
of various classes of chest X-rays, such as normal, pneu-
monia, pneumothorax, and other abnormalities. This
dataset comprises a total of 5232 chest X-ray images, en-
compassing both normal and pneumonia-affected condi-
tions.

The methodology initiates with the process of poly-
line annotation using LabelMe tools, ensuring pre-
cise identification and delineation of regions of interest
within the X-ray images. Following this annotation, the
json file annotations are converted into Mask images,
creating a format suitable for segmentation tasks. Gen-
erate pixel-wise segmentation masks corresponding to
each input image. In the case of the Kermany dataset,
where segmentation is the task, these masks would indi-
cate the regions of interest (e.g., lung boundaries, abnor-
malities) that the model needs to segment. The dataset
is then strategically partitioned into two subsets — a
training set constituting 75% of the data and a valida-
tion set comprising the remaining 25%. Several prepro-
cessing steps are implemented to enhance the quality
and suitability of the data for model training. These
include resizing the images to a standardized 256 x256
dimensions, and the crucial step of normalizing pixel
intensity in both RGB images and Mask images. This
normalization helps in reducing data variability and im-
proving model convergence during training. These pre-
processing steps are crucial for ensuring consistency and
enhancing the suitability of the data for model training.

Subsequently, the preprocessed datasets are loaded,
and the necessary transformations are applied to con-
vert the data into tensor format, facilitating the sub-
sequent training process. The segmentation model is
trained using the deep learning models SegNet and
DeepLabV3. The training process involves iteratively
adjusting model parameters to optimize performance
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and achieve accurate segmentation of pneumonia-
affected regions. The segmentation model, leveraging
deep learning architectures like SegNet and DeepLabV3,
undergoes training with the aim of achieving the desired
accuracy. The proposed system employs a systematic
and structured approach, as illustrated in Figure [3| to
guide the sequential steps of the training process for
pneumonia segmentation using deep learning models.
The flowchart provides a visual representation of the
key stages involved in the development and training of
the segmentation model on chest X-ray images.

Start

Y

Pre-processing

Resizing all images in dataset

Create mask images for each cell in dataset using
LabelMe annotation Tool

Data augmentation to all annotated images

| |

Mask images

All RGB cell images

| l |

Train with (SegNet, DeeplLabV3) segmentation
model

loU_coefficient>0.5

Yes

Tuning hyper-
parameters

Save train segmentation model

'

End

Figure 3. Flowchart of Training.

Throughout the training process, model parameters
are iteratively adjusted to optimize performance, and
the efficacy of the trained model is evaluated compre-
hensively. Various performance metrics, including IoU
coefficient and accuracy, are employed to assess the
model’s ability to accurately segment pneumonia re-
gions in chest X-ray images. Upon achieving the desired
accuracy, the trained model is saved for future use, en-
suring its applicability for subsequent tasks or deploy-
ments. This systematic and well-defined approach, as
depicted in the flowchart, ensures the effectiveness of the
deep learning models in pneumonia segmentation, pro-
viding a clear roadmap from data preparation to model
training, evaluation, and preservation.

In the testing phase of the pneumonia segmentation
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system, the input image undergoes an initial resizing
step as part of the preprocessing stage. This resizing
operation ensures that the input image is brought to a
standardized format suitable for further analysis. Sub-
sequently, the trained segmentation model is loaded,
leveraging the knowledge gained during the training
phase, and the resized input image is subjected to the
prediction process.

During prediction, the model evaluates the input im-
age to identify regions indicative of pneumonia. If the
model detects a pneumonia segment, it generates a seg-
mented pneumonia cell binary image as the final output.
This binary image serves as a visual representation of
the identified pneumonia regions, with clear distinctions
between affected and unaffected areas. The testing pro-
cess is systematically outlined in Figure [d] providing a
step-by-step illustration of the operations involved in re-
sizing, prediction, and the generation of the segmented
pneumonia cell binary image. This figure serves as a
visual guide, emphasizing the key stages of the testing
phase and the role each step plays in evaluating the
model’s performance on new or unseen data.

Input Image

Pre-processing

Resizing image

!

Load trained segmentation model and predict
input resized image

If pneumonia segment is

/ Output segmented pneumonia cell binary image /

!

End

Figure 4. Flowchart of Testing.

The evaluation of the experiment involves a meticu-
lous and comprehensive analysis, incorporating various
indicators such as completeness, appropriateness, and
quality. This assessment is designed to offer detailed
insights into the performance metrics, with a specific
emphasis on critical parameters including the IoU coeffi-
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cient and accuracy. The primary objective of this evalu-
ation is to measure the effectiveness of the deep learning
segmentation model utilized in the study, providing a
nuanced understanding of its performance across differ-
ent criteria. Completeness, appropriateness, and qual-
ity serve as key benchmarks in the evaluation process,
ensuring a thorough examination of the segmentation
model’s capabilities.

5. Experimental Results

In this system, the researchers employ the Chest X-Ray
Images (Pneumonia) Kermany dataset as the founda-
tional dataset, forming the backbone for training and
testing the proposed system. This dataset comprises
chest X-ray images categorized into two distinct groups:
images depicting pneumonia and those illustrating nor-
mal (non-pneumonia) conditions. The dataset is strate-
gically partitioned, with a ratio of 75% designated for
training and 25% for testing. The partitioning process
involves a random selection of 75% of the records for
inclusion in the training dataset, leaving the remain-
ing 25% for testing purposes. To thoroughly gauge
the performance and efficacy of the proposed system,
a rigorous evaluation is undertaken using the original
dataset. This evaluation process includes the metic-
ulous assessment of key performance metrics, notably
the IoU coefficient and accuracy. The IoU coefficient
serves as a crucial measure for evaluating the overlap
between predicted and actual regions in image segmen-
tation, providing insight into the segmentation model’s
accuracy. loU measures the overlap between predicted
and ground truth segmentation masks. By assessing the
spatial alignment of segmented regions, IoU provides a
precise indication of how well the model localizes ob-
jects of interest within the image. This is particularly
critical in medical imaging, where accurate delineation
of anatomical structures or pathological regions is es-
sential for diagnosis and treatment planning. IoU is
highly sensitive to segmentation quality, capturing even
subtle deviations between predicted and ground truth
masks. As a result, it offers a nuanced assessment of
segmentation accuracy, allowing researchers and clini-
cians to identify areas where the model may be under-
performing or producing inaccurate segmentations. IoU
is mathematically represented by:

|AN B

IoU =
© |AU B|

(1)
where, A represents the predicted segmentation mask,
B represents the ground truth mask, |ANB| denotes the
area of intersection between the predicted and ground
truth masks, and |A U B| denotes the area of union of
the predicted and ground truth masks.

Simultaneously, accuracy, a broader performance
metric, is assessed to determine the overall correctness
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of the system’s classifications. Accuracy is mathemati-
cally represented by:

TP+TN

2
TP+TN+FP+FN @)

Accuracy =

where T'P is the number of true positive pixels (cor-
rectly classified foreground pixels), TN is the number
of true negative pixels (correctly classified background
pixels), F'P is the number of false positive pixels (fore-
ground pixels incorrectly classified as background), and
F'N is the number of false negative pixels (background
pixels incorrectly classified as foreground).

In the framework of this system, the segmentation
models adopt distinct loss functions to optimize their
training processes. For SegNet, Binary Cross Entropy
Loss is employed—a widely used loss function particu-
larly effective in binary classification tasks. This choice
aligns with the model’s focus on binary outcomes, en-
hancing its capability to differentiate between differ-
ent classes, such as pneumonia and non-pneumonia
regions in medical image segmentation. In contrast,
DeepLabV3 utilizes the unet3p_hybrid_loss. This spe-
cific loss function is a hybrid combination that inte-
grates Jaccard loss, SSIM loss (Structural Similarity In-
dex), and Focal loss. The incorporation of these diverse
elements in the loss function reflects a comprehensive
strategy aimed at optimizing the training process for
these segmentation models. Jaccard loss focuses on the
intersection over union, SSIM loss evaluates structural
similarity, and Focal loss addresses the issue of class im-
balance by assigning higher weights to hard-to-classify
examples.

Table 1. Parameters of SegNet and DeepLabV3.

Parameter SegNet DeepLabV3
Encoder 5 Convolutional ~ Backbone
layers with network:
max-pooling ResNet with
atrous
convolutions
Decoder Mirrors encoder  Decoder
architecture
with upsampling
Activation ReLU ReLU
function
Loss function Binary Cross unet3p_hybrid loss
Entropy
Optimizer Adam Adam
Learning rate 0.01 0.01
Atrous Spatial None Atrous Spatial
Pyramid
Pooling (ASPP)
Dropout 0.5 0.5
Batch size 8 8
Weight decay 0.0001 0.0001
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The selection of the unet3p_hybrid_loss underlines Table 2. Performance results.
the intention to enhance overall segmentation perfor-
mance by considering various aspects of model evalua- Architecture Test Accuracy Test IoU
tion and optimization. Each loss function is tailored to DeepLabV3 0.844 0.81
meet the specific requirements and objectives of the cor- SceNet 051 0.1
responding segmentation model, contributing to a nu-
anced and effective training approach that encompasses
multiple considerations for achieving accurate and ro- Figure [7] describes the accuracy results of SegNet
bust segmentation results. and DeepLabV3. Figure [§| describes IoU results of Seg-
Table describes the parameter of SegNet and Net and DeepLabV3. High IoU values signify strong
DeepLabV3. agreement between predicted and ground truth segmen-

tations, instilling confidence in the reliability and clin-
ical relevance of the segmentation results. By leverag-
ing ToU, researchers can gain valuable insights into the
performance of their segmentation algorithms, driving
advancements in medical image analysis and ultimately
improving patient care.

According to the evaluation results, this perfor-
mance of system using DeepLabV3 obtains the better
accurate results than SegNet.

3
E
(@) (b) ©)

Test Accuracy
1
Figure 5. Segmentation using SegNet (a) Input Image go.g
(b) Predicted masks (c¢) Overlay masks. 0.6
50.4
0.2
0
DeeplabV3 SegNet
. Deep Learning Models
‘ o Figure 7. Accuracy Results.
\

’ ! Test Intersection Over Union (loU)
b 1
08
(a) (b) (c) 06

u
Figure 6. Segmentation Using DeepLabV3 (a) Input Pos
Image (b) Predicted masks (c) Overlay masks. o
0
Figure [5| presents the segmentation using SegNet. DeepLaby3 ' seghlet
Figure [6] depicts the segmentation using DeepLabV3. Deep Learning Models
The comparative results for the performance of Seg- . )
Net and DeepLabV3 are presented in Table Figure 8. DeepLabV3 Architecture.
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6. Conclusion

This research addresses the critical issue of pneumonia,
a widespread respiratory infection, especially prevalent
in underdeveloped and developing regions characterized
by suboptimal living conditions and limited medical
infrastructure. The study introduces a sophisticated
approach to pneumonia classification by implementing
a deep learning-based segmentation system employing
SegNet, and DeepLabV3. The models are trained on the
Chest X-Ray Images (Pneumonia) Kermany dataset.
In the experimental segmentation phase, the study re-
ports notable achievements in accuracy. Specifically,
DeepLabV3 demonstrates an accuracy of 0.844, and
SegNet achieves 0.81. Additionally, Intersection over
Union (IoU) values are reported as 0.81 for DeepLabV3,
and 0.70 for SegNet. These results emphasize that the
system, particularly when employing DeepLabV3, sur-
passes the segmentation performance of SegNet in pneu-
monia detection. DeepLabV3 typically employs a deep
convolutional neural network architecture, often with a
backbone network: ResNet for feature extraction. It
incorporates modules such as Atrous Spatial Pyramid
Pooling (ASPP) to capture multi-scale contextual in-
formation. SegNet follows an encoder-decoder architec-
ture, where the encoder extracts features from the in-
put image, and the decoder reconstructs the segmented
output. It typically consists of convolutional and pool-
ing layers in the encoder and upsampling layers in the
decoder. DeepLabV3 may incorporate advanced pre-
processing techniques such as data augmentation, in-
tensity normalization, and image resizing to enhance
the quality and diversity of the training data, ensuring
robustness and generalization capability. SegNet may
apply simpler preprocessing steps such as normaliza-
tion and resizing, focusing more on the model architec-
ture for segmentation performance. However, the lack
of advanced preprocessing may limit its ability to han-
dle variations in image quality and appearance. There-
fore, DeepLabV3 outperforms than SegNet in pneumo-
nia segmentation. The study acknowledges the poten-
tial for further advancements and proposes future work
focusing on enhancing the system’s capabilities. A key
aspect of this involves exploring the integration of an
ensemble model, combining multiple deep learning ap-
proaches for pneumonia segmentation. Moreover, the
segmentation for other datasets will be done with these
deep learning methods.
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